Quantification of vegetation properties plays an important role in the assessment of ecosystem functions with leaf dry mater content (LDMC) and specific leaf area (SLA) being two key functional traits. For the first time, these two leaf traits have been estimated from the airborne images (HySpex) using the INFORM radiative transfer model and Continuous Wavelet Analysis (CWA). Ground truth data, were collected for 33 sample plots during a field campaign in July 2013 in the Bavarian Forest National Park, Germany, concurrent with the hyperspectral overflight. The INFORM model was used to simulate the canopy reflectance of the test site and the simulated spectra were transformed to wavelet features by applying CWA. Next, the top 1% strongly correlated wavelet features with the LDMC and SLA were used to develop predictive (regression) models. The two leaf traits were then retrieved using the CWA transformed HySpex imagery and the predictive models. The results were validated using R 2 and the RMSE of the estimated and measured variables. Our results revealed strong correlations between six wavelet features and LDMC, as well as between four wavelet features and SLA. The wavelet features at 1741 nm (scale 5) and 2281 nm (scale 4) were the two most strongly correlated with LDMC and SLA respectively. The combination of all the identified wavelet features for LDMC yielded the most accurate prediction (R 2 = 0.59 and RMSE = 4.39%). However, for SLA the most accurate prediction was obtained from the single most correlated feature: 2281 nm, scale 4 (R 2 = 0.85 and RMSE = 4.90). Our results demonstrate the applicability of Continuous Wavelet Analysis (CWA) when inverting radiative transfer models, for accurate mapping of forest leaf functional traits. Ó
Introduction
Two key plant functional biodiversity traits are leaf dry matter content (LDMC) (which is the ratio of leaf dry mass to leaf fresh mass), and specific leaf area (SLA) (which is the ratio of leaf area to leaf dry mass). LDMC is a proxy for relative growth rate and carbon assimilation, and is an important predictor of a plant's location on an axis of resource capture, usage and availability (Wilson et al., 1999) . SLA (also referred as leaf mass per unit area, specific leaf mass, or leaf specific mass), links plant carbon and water cycles (Pierce et al., 1994) , provides information on spatial variation of photosynthetic capacity and leaf nitrogen content, and is indicative of plant physiological processes such as light capture, growth rates, and life strategies of plants (Pierce et al., 1994) . A worldwide foliar dataset indicates that 82% of all variation in photosynthetic capacity can be explained by SLA and nitrogen (Wright et al., 2004) .
The two traits are inversely correlated and are also used to estimate other traits and ecological indicators, such as leaf thickness, leaf life span (Shipley, 2002; Vile et al., 2005; Marenco et al., 2009) , relative growth rate (Shipley, 2006) , and soil fertility (Hodgson et al., 2011) . Generally, the quantitative information and spatial distribution of LDMC and SLA improve our understanding and capacity to investigate community structure and ecosystem functioning (Mouchet et al., 2010; Lavorel et al., 2011) . However; these traits are currently quantified through laborintensive methods of field sampling. Consequently, ecological understanding of trait variation across extended spatial and temporal scales is lacking (Messier et al., 2010) .
Remote sensing, as a relatively fast and efficient approach for estimating LDMC and SLA across a wide range of spatial and temporal scales, has so far received little attention for quantification of these traits. Only a few studies have attempted to estimate SLA using remote sensing data. Lymburner et al. (2000) tested vegetation indices derived from the green, red, NIR, and MIR bands of Landsat TM data and found a correlation between these bands and canopy average SLA. Vegetation indices have been developed for estimation of leaf mass per area in Fontainebleau and Fougères broadleaf forests in France by le Maire et al. (2008) and Feret et al. (2011) . Until recently, however, none of the remote sensing techniques have been tested for direct estimation of LDMC. A leaf scale study using PROSPECT model inversion reported the potential of remote sensing for quantifying LDMC and SLA (Ali et al., 2016b) . Another study by Cheng et al. (2014b) demonstrated the potential of wavelet analysis to retrieve leaf mass area (LMA) from sets of simulated and measured leaves reflectance however, this study was conducted at leaf scale and needs further examination when upscaling to canopy level.
A number of statistical methods have been widely applied for retrieval of biophysical and biochemical parameters of vegetation from remote sensing data (e.g. le Maire et al., 2008; Darvishzadeh et al., 2009) . Nevertheless these methods have been criticized for being site-specific and lacking generalization (Darvishzadeh et al., 2011) . Inversion of Radiative Transfer Models (RTM) has been suggested as an alternative approach for parameter retrieval from remote sensing data, but RTMs still require local information such as cover type in order to be accurately upscaled (Si et al., 2012) . RTMs allow creation of simulated training databases covering a wide range of situations and configurations to which inversion algorithms can be applied to retrieve parameters from remote sensing data. A wide variety of studies have evaluated the performance of radiative transfer model inversion techniques to estimate vegetation biophysical and biochemical parameters such as chlorophyll (Darvishzadeh et al., 2008; Darvishzadeh et al., 2012; Lv et al., 2014; Wang et al., 2014) , LAI (Meroni et al., 2004; Dini et al., 2006; Darvishzadeh et al., 2008; Yang et al., 2011; Cho et al., 2014) , biomass and others vegetation characteristics (Kazemipour et al., 2010; Dorigo, 2012) . A recent comparative analysis by Atzberger et al. (2015) showed the potential and drawbacks of different retrieval methods for mapping grassland leaf area index. Their study indicated the robustness and higher accuracy of RTMs inversion approaches over statistical methods.
However, because of redundancy and multi-collinearly in hyperspectral data (Blackburn, 2007a) , RTM inversions are often applied on selected bands sensitive to a given vegetation variable. Although a subset of spectral bands proved to be a stable and accurate predictor for vegetation parameters (Weiss et al., 2000) , no general criteria have been formulated for the selection of bands (Banskota et al., 2013b) . Wavelet transformation seems to be a promising alternative technique for selecting the most informative features from hyperspectral data.
Wavelet analysis enables spectral data to be transformed into a new representation by decomposing the original spectra into various scales (frequencies). Subsequently, the correlation between the concentration of parameters and the wavelet scales can identify the most sensitive spectral feature for predicting a given parameter. Previous studies have investigated the potential of wavelet analysis for estimating leaf parameters from leaf spectra measured in the laboratory and simulated data using RTMs (Jingcheng et al., 2011; Cheng et al., 2012; Ullah et al., 2012a; Zhang et al., 2012; Cheng et al., 2014a) . However, the applicability of wavelet analysis at canopy level using canopy spectra obtained from airborne and spaceborne hyperspectral data has received little attention. Further study is needed to understand how wavelet analysis can be applied to airborne or spaceborne image data for retrieving vegetation parameters. This is because canopy spectral reflectance obtained from these images is more complex than the spectral reflectance of individual leaves, due to factors such as sensor noise, soil background, shadow, canopy structural variation, non-photosynthetic vegetation, and solar and viewing geometry (Ustin et al., 2009; Wolf et al., 2010; Ollinger, 2011) .
There are two forms of wavelet transformation: discrete and continuous. Discrete Wavelet Analysis (DWA) has the potential to avoid redundancy; it transforms and uses the most informative part of the input data but it is difficult to assign wavelet features to a specific band because of scale variability during the transformation. Continuous wavelet analysis (CWA) is more timeconsuming and has data redundancy limitations. Nevertheless, CWA has evolved as a promising tool for quantitatively analyzing vegetation parameters from hyperspectral remote sensing data (e.g. Blackburn, 2007b; Cheng et al., 2014a) . It allows band-byband interpretation of very subtle spectral information. CWA can operate at various scales, starting from the original signal and going up to maximum scales defined by the user. Our study applied continuous wavelet transformation, because each scale component from CWA is directly comparable to the input reflectance spectrum on a band-by-band basis and the results are easily interpreted and can be related to wavelengths with minimal uncertainty (Cheng et al., 2011) . Banskota et al. (2013a Banskota et al. ( , 2013b applied DWA to estimate forest leaf area index (LAI) in temperate forests from AVIRIS (airborne visible/infrared imaging spectrometer) data using both statistical and RTM inversion techniques. In another study, CWA was found to perform well at detecting diurnal and seasonal variation in the canopy water content of nut tree orchards from airborne spectral data on the basis of canopy water content measurements in the field and concurrent imagery from the AVIRIS instrument (Cheng et al. (2014a) .
Our study aimed at quantifying LDMC and specific leaf area (SLA) for a mountain forest using HySpex airborne hyperspectral data through the INFORM radiative transform model. The model inversion was undertaken via an optimized predictive model constructed from Continuous wavelet analysis (CWA) coefficients. We posited that there will be an optimal spectral wavelength domain for use in CWA for quantifying the two traits. Our three aims were to (1) identify spectral bands sensitive to LDMC and SLA using HySpex airborne data; (2) assess the performance of predictive models constructed from the combination of wavelet features derived from different spectral wavelength domains for LDMC and SLA retrieval, and (3) map the LDMC and SLA of the study area using HySpex imagery in conjunction with the best performing predictive models.
Methodology

Analytical framework
The overall procedures followed in this study are presented in Fig. 1 . In order to retrieve and map the spatial distribution of the two leaf traits (LDMC and SLA) from HySpex imagery, three sets of data have been utilized. (1) A wide variety of simulated canopy spectra with its corresponding LDMC and SLA values (calibration dataset), (2) Ground truth data in 33 sample plots (validation dataset), which contains canopy spectra extracted from HySpex images with their corresponding LDMC and SLA values collected in the field, and (3) HySpex images of the study area. The INFORM model was parametrized and run in its forward mode to build a calibration dataset of canopy spectra with their corresponding model input parameters. The HySpex images were atmospherically corrected, mosaicked and pre-processed. Then, wavelet transformation was applied to both the INFORM simulated spectra and the HySpex image. Spectral features strongly correlated to the two leaf traits concentration have been identified by computing and ranking the Pearson correlation calculated for the calibration dataset. The top 1% of strongly correlated wavelet features were used to develop prediction models. Next, the developed prediction models were applied on the identified wavelet features of the HySpex data to retrieve and map the spatial distribution of the two traits in the study site. Finally accuracy assessment have been conducted using the 33 sample plots spectra extracted from HySpex imagery and their corresponding ground truth LDMC and SLA values (validation dataset). The details of the methodology are presented in the following subsections.
Test site and field data
The test site for this study was the mixed mountain forest of the Bavarian Forest National Park. The park is located in south-eastern Germany along the border with the Czech Republic (49°3 0 19 00 N, 13°12 0 9 00 E) (Fig. 2) . Elevation of the test site varies from 600 m to 1473 m above sea level. The climate of the region is temperate, with high annual precipitation (1200-1800 mm) and low average annual temperature (3-6°C). Heavy snow cover is characteristic of the area in winter. Brown soils are the predominant soil type at lower altitude (below 900 m asl) whereas at high altitude (above 900 m a.s.l) brown soils and brown podzolic soil predominate. The soils in the area are naturally acidic and low in nutrient content (Heurich et al., 2010) . The natural forest ecosystems of the Bavarian Forest National Park vary with altitude: there are alluvial spruce forests in the valleys, mixed mountain forests on the hillsides and mountain spruce forests in the high areas. The dominant tree species include European beech (Fagus sylvatica), Norway spruce (Picea abies) and Fir (Abies alba). In the mixed mountain forests Sycamore maple (Acer pseudoplatanus L.), Mountain ash (Sorbus aucuparia L.) and Goat willow (Salix caprea) are also found (Heurich and Neufanger, 2005) . Due to heavy disturbance by bark beetles and wind storms in recent decades the forest structure in the park is very heterogeneous (Lehnert et al., 2013) .
A field campaign was conducted during summer 2013 to collect ground truth data from 33 plots. The test site was stratified into broadleaf, conifers and mixed forest stands. Given the heterogeneity of the forest and the time and cost constraints, we randomly selected 33 plots from the three main forest class strata resulting in 10 samples in broadleaf, nine in conifer and 14 in mixed stands. Each plot was square, with sides 30 m long. In all 33 sample plots, forest structural variables such as LAI, stem density (SD), canopy closure (CC), crown diameter (CD), and stand height (SH) were measured. The LAI of each plot was measured using an LAI_2000 plant canopy analyzer (LI-COR, Lincoln, NE, USA) and also computed from hemispherical photographs taken in each plot by using CIMES-FISHEYE software for validation purposes. The SD was recorded as number of trees per hectare based on the number of trees in each plot. CC was estimated by averaging five observations in a plot using a spherical crown densitometer (Forestry suppliers, Jackson, MS, USA). Since the stratification of forest stands into deciduous, mixed and conifer had highly minimized the variability of canopy structural variables within each stratum, trees are evenly distributed and there is no as such significant variation in tree height and crown diameter per plot/forest stand. Therefore, CD and SH were calculated from the mean crown diameter and mean height of five trees randomly selected in each plot. The CD of each tree was determined by averaging two perpendicular projected distances on the ground. The total height of each tree was estimated by using a Nikon Forestry 550 laser rangefinder (Nikon Vision, Tokyo, Shinagawa-ku, Japan). In each plot, leaf samples were collected from mature sunlit leaves at the top of the canopy of 3-5 trees, using a crossbow, and their characteristics were measured (n = 130). Leaf area of broadleaf leaf samples was measured using the LI-3000C portable leaf area meter (LI-COR, Lincoln, Nebraska, USA). The surface of sample conifer needles was scanned using an HP double lamp desktop scanner at a resolution of 1200 dpi; the needle projections were computed from the grayscale images using ImageJ open source image processing software (National Institute of Mental Health, Bethesda, Maryland, USA). For details on the leaf samples' physical variable measurements, see (Ali et al., 2016b) . The collected leaf samples were transported to the laboratory for further analysis. All samples were oven dried at 65°C for 48 h and then LDMC, SLA, leaf mass per leaf area (C m ) and leaf water content (C w ) were computed based on fresh and oven-dried leaf mass and leaf areas. For mixed plots, the average values for LDMC, SLA, C m , C w and leaf structural parameter (N) were based on crown biomass proportion of each species in a given plot.
The variables measured in the field are summarized in Table 1 . The leaf structural parameter-N was retrieved by inverting the PROSPECT model using simulation at three wavelengths (see Ali et al., 2016b) . During the field campaign, the spectral reflectance of leaf samples and understory vegetation and ecosystem elements on the forest floor such as bark, litter, mosses and lichens was also measured by using the ASD field spectroradiometer coupled to a high intensity contact probe and integrating sphere.
Image acquisition and pre-processing
HySpex is a new airborne hyperspectral sensor developed by the Norwegian Norsk Elektro Optikk (NEO) company. It comprises two imaging spectrometers with spectral ranges of 400-1000 nm and 1000-2500 nm and up to 416 spectral channels. It is supported by a precise navigation system for georeferencing and correction of geometric errors. Both of its sensors operate in a push-broom scanning mode with an angular recording image width of 15°. Its field of view can be doubled to 30°using a field expander lens. It records radiance data in contiguous bands at a spectral resolution of 3.7 nm for 400-992 nm spectral range (sensor 1) and 6 nm for 968-2498 spectral range (sensor 2). Its spatial resolution is 1.6 m for sensor 1 and 3.4 m for sensor 2.
The HySpex instrument was flown over the test site onboard a Cessna 208B Grand Caravan at an average altitude of 3010 m above sea level on July 22 2013 between 9:00 and 11:15 local time. A total of 19 flights were made to cover the test site. The HySpex image data were supplied by the DLR team after atmospheric correction performed with the ATCOR4 model, orthorectified and georeferenced using standard aircraft in-flight information such as attitude and flight path data in combination with a digital terrain model (DEM). The view angle effects between the 19 flight line images were removed using empirical view-angle correction technique proposed by Kennedy et al. (1997) (Fig. 2) . As only the spectral bands in the SWIR were utilized in this study, only the images from sensor 2 of HySpex were mosaicked.
To prepare the HySpex data for further analysis, the mosaicked image reflectance was spatially resampled over a 9 Â 9 pixel window, which most closely approximates the size of the sample plots (approximately 30 m Â 30 m) using the nearest neighbor resampling technique. Then, a Savitzky-Golay filter was applied to correct for random and systematic noise. Finally, the average reflectance of the sample plots was extracted and used for evaluation (hereafter referred as the measured or validation dataset). The 
RTM parameterization and forest reflectance simulation
To simulate the spectral property of the test site we used the Invertible Forest Reflectance model ''INFORM" (Atzberger, 2000; Schlerf and Atzberger, 2006) , which is a hybrid RTM that combines the forest light interaction model (Rosema et al., 1992) and SAIL (Verhoef, 1984) canopy RTMs with the PROSPECT (Jacquemoud and Baret, 1990 ) leaf RTM. In INFORM, LAI is represented by the leaf area indices of single trees. Hence, the ground truth values for LAIs were computed from LAI and CC.
And for every combination of model input parameters, LDMC and SLA were indirectly calculated from C m and C w as:
where LAI s is single tree leaf area index, CC is canopy closure; C m is leaf dry mass and C w is leaf water content per leaf area. See Ali et al. (2016b) for further details. A strong correlation (R 2 = 0.94) was observed between the model input parameters C m and C w (Fig. 3) . Therefore, in order to preserve the relationship between these input parameters the INFORM model was run by generating the input parameters (C m , C w , N, LAI s , SD, SH, CD and ALA) using a multivariate normal distribution function based on the mean and covariance matrix of their ground truth values (Table 1) . Leaf chlorophyll content was fixed at an average value of 40 lg/g, since in this study the shortwaveinfrared region (SWIR) of the electromagnetic spectrum was used; a region of the electromagnetic spectrum where leaf pigments have no effect. A sensitivity study had previously reported insignificant effect of solar zenith and azimuth angles on INFORM simulated canopy reflectance (Ali et al., 2016a) . Therefore, other leaf, canopy, and external input parameters (Table 2) were fixed using average values based on the field data, HySpex sensor specification, and previous studies (Schlerf and Atzberger, 2006; Ali et al., 2016b) . As bare soil occurred extremely rarely on the forest floor, the field spectra of understory vegetation and the forest floor elements were averaged and used as a fixed background reflectance during the simulation (Fig. 4) . Next, using the INFORM model 10,000 reflectance spectra were simulated by randomly selecting leaf chemical and canopy structural properties based on the multivariate normal distributions and covariance matrix produced from the ground truth data. To avoid extreme values and unrealistic combinations, the randomly assigned value of each variable was limited by ±5% of the observed maximum and minimum values for that variable in the ground truth data. A random Gaussian noise value of 0.3% (Cheng et al., 2014b ) was added to each simulated spectrum to account for model uncertainties and reduce auto-correlation between the spectrum and input variables. The simulation was performed for 256 spectral bands (1000-2500 nm) corresponding to the SWIR band settings of the HySpex system.
Continuous wavelet analysis
Signal processing, image processing, and data compression have been successfully undertaken in many fields using wavelet transformation (e.g. Tjuatja et al., 1993; FatemiGhomi et al., 1995; Roux et al., 2000; Lin et al., 2008; Jingcheng et al., 2011) . The wavelet transform converts each one-dimensional reflectance spectrum into a two-dimensional wavelet power scalogram by using a mother wavelet function. Each element of a wavelet power scalogram is called a wavelet coefficient. The coefficients of CWA can be directly compared with the original spectra wavebands and possess information about the position and shape of the vegetation's spectral features. The continuous wavelet analysis involves the linear transformation of a hyperspectral signal into a set of coefficients using the mother wavelet function f(k) (where k = 1, 2, 3, . . ., k, represent the number of wavebands). The continuous wavelet wa,b(k) can be created by scaling and shifting the mother wavelet w(k) (Cheng et al., 2011 (Cheng et al., , 2010 ;
where a and b are positive real numbers and represent the scaling and shifting factors, respectively. The scale factor a represents the width of the wavelet and the shifting factor b denotes its position.
f ðkÞ; w a;b ðkÞdk ð5Þ The continuous wavelet coefficients (W f ða; bÞ) consist of the two-dimensional scalogram (j Â k matrix). The one-dimension depth of leaf spectra resulting from different amounts of LDMC and SLA can be quantified by using the wavelet coefficient (scalogram). Among mother wavelets, available in MATLAB 8.4 software, the second derivative of the Gaussian function (Mexican hat) was selected for both LDMC and SLA since it best correlated the two leaf traits with wavelet features. The Gaussian function has also been proposed as a potential mother wavelet in other remote sensing studies, because it approximates the shape of the absorption features of reflectance spectra (Cheng et al., 2011 (Cheng et al., , 2014a (Cheng et al., , 2014b Ullah et al., 2012a) .
In wavelet transform scale, values govern the degree to which the wavelet is compacted or stretched. Low scale values compress the wavelet and correlate better with high frequencies. The low scale CWA coefficients represent fine-scale features in the input signal vector. The reverse is true for high scale values. Instead of using all possible scale decompositions, the dyadic scales were used to decompose the spectra, in order to avoid intensive computation as well as to reduce the dimensions of the scalogram and the volume of data. In this study, scales for CWA were powers of 2 (2 1 , 2 2 , 2 3 , . . ., 2 10 ) and were described as power numbers (scale 1, scale 2, scale 3, . . ., scale 10), similar to the other relevant studies (e.g. Ullah et al., 2012b; Cheng et al., 2014a) . Wavelet features that significantly correlated with LDMC or SLA were determined in four steps as described in Cheng et al. (2011 Cheng et al. ( , 2014a . First, a continuous wavelet transform was applied to both the simulated (calibration) dataset and measured (HySpex) spectra (validation) dataset, in order to represent them in the wavelet domain where the wavelet power was a function of the wavelength and the scale. Wavelet features of scales 1, 2, and 3 were excluded from the calibration and validation datasets since they have been reported as mostly capturing noise in airborne hyperspectral data. Second, a correlation scalogram was established between the calibration spectra wavelet power at each wavelength, scale location, and LDMC (or SLA) by calculating the coefficient of determination (R 2 ). The wavelet amplitude was correlated to log-transformed LDMC and SLA values. This resulted in a pool of wavelet features for the calibration dataset that were sensitive to LDMC or to SLA. Wavelet features with large R 2 values imply high sensitivity to LDMC or to SLA. Third, all features of a correlation scalogram were ranked in descending order of R 2 and a threshold value of 1% was applied to delineate and define the feature regions most sensitive to LDMC or to SLA. Fourthly, features with a central wavelength within each region of the combined scalogram were selected, in order to generate a short list of predictor variables: they are described as (wavelength in nm, scale) in the following text. The selected wavelengths and scale values of the wavelet transformed validation dataset (HySpex) were taken out and put aside for validation purpose. The overall analysis process is shown schematically in figure. 
Calibration of predictive models and inversion
The Hyspex data inversion was performed using predictive models. Predictive models were developed on the relationships between the simulated spectra wavelet features identified in Section 2.5 and the INFORM model input parameters (LDMC and SLA). A wide variety of regression models such as linear, stepwise linear, multiple linear and quadratic regressions were tested for their performance. Predictive models with good fit (i.e. a high R 2 and low RMSE combination) on the calibration dataset (INFORM simulated spectra and inputs) were then used to invert the HySpex imagery wavelet features in order to retrieve LDMC and SLA.
Validation
The predictive performance of the inversion was assessed using LDMC and SLA values collected in 33 sample plots in the field. The accuracy of the field measured and predicted values of the two traits from HySpex imagery were evaluated using the coefficient of determination (R 2 ) and root mean square error in percent (RMSE %) calculated as:
where y i and y 0 i are the actual and predicted values for sample i, and y and n are the arithmetic mean and the number of samples in the measured data, respectively.
Mapping the LDMC and SLA of the test site
Once the performance of the different wavelet features was investigated, the selected predictive models were applied to map the concentration of the two leaf traits in the test site. First, the non-forest areas and cloud cover in the HySpex image data were masked out using land cover maps, ground sample points and visual inspection. Next, the continuous wavelet transformation was applied and sensitive wavelet features for each pixel in the HySpex image were extracted. Then the predictive models developed in Section 2.6 were applied for pixel-by-pixel estimation of the two leaf traits in the test site. Finally, the predicted values were used to map the spatial distribution of LDMC and SLA in the Bavarian Forest National park.
Results
Canopy reflectance simulation and verification
The reliability of the INFORM model simulated spectra was verified by comparing their mean and range with those obtained from HySpex hyperspectral image data. As can be observed from Fig. 5 , the simulated reflectance spectra showed a good match with the measured reflectance. The two leaf trait values (LDMC and SLA) had a significant effect on the canopy spectra. The INFORM simulated canopy reflectance reduced as the LDMC increased and vice versa for SLA (Fig. 6 ) across the SWIR of the electromagnetic spectrum. Fig. 7 details the sensitivity of wavelet features (which are transformed from the simulated spectra) plotted for the two leaf traits. Strongly correlated wavelet features were found for both traits. More wavelet features correlate highly with SLA (Fig. 7b ) than with LDMC (Fig. 7a) . After a number of tests, the top 1% most strongly correlated wavelet features were found to be good predictors of both traits. There were six sensitive wavelet features for LDMC and four for SLA in the top 1% strongly correlated wavelet features. The wavelet features selected for LDMC were at scales 4 and 5, whereas those selected for SLA were at scales 4, 6, and 8 ( Fig. 7b and d) .
Wavelet analysis and identification of wavelet features sensitive to LDMC and SLA
Fitting regression models to the calibration dataset
A wide variety of regression models ranging from simple linear to multiple regressions were tested and evaluated to correlate the spectral (wavelet) features with the studied leaf traits. The stepwise linear model and quadratic regression were selected for their goodness of fit to our calibration dataset. The regression models were tested for each wavelet feature separately and for different combinations of wavelet features. Fig. 8 depicts the predictive capacity of two of the many wavelet features selected and their corresponding wavelength reflectance for the two traits estimation. Fig. 8c and d demonstrates the overlaid measured spectra fall within the range of the simulated spectra. However, the relationship between the measured spectra wavelet powers and the two traits appears to be shifted toward lower values ( Fig. 8a and b) . Directly correlating the two plant leaf traits with simulated spectra without any wavelet transformation performed less satisfactorily than correlating them with wavelet power. The reflectance simulated at 2191 nm turned out to be particularly insensitive to LDMC (R 2 = 0.0003) (Fig. 8c) whereas the wavelet feature centered at the same band yielded an R 2 = 0.64 of linear correlation with LDMC (Fig. 8a) . The estimated coefficients of the most accurate stepwise linear prediction equation developed by combining the selected six wavelet features for LDMC retrieval is illustrated in Appendix 1. Thus, predictions made using selected wavelet features and their combination revealed high R 2 and low RMSE against the calibration data set of the two leaf traits (Table 3 ). The R 2 values range from 0.58 to 0.87 for LDMC and from 0.73 to 0.79 for SLA. The single wavelet features that showed the highest correlation and the lowest RMSE were at 1741 nm at scale 5 for LDMC and at 1645 nm at scale 6 for SLA. 
Retrieval and validation of LDMC and SLA from wavelet features
The predictive models (inversion algorithms) presented in Section 3.3 were applied to the actual image dataset (HySpex airborne hyperspectral data) to estimate the two leaf traits. The predictive models were validated for each wavelet feature separately and for different combination of wavelet features. The combination of all six wavelet features gave better results than single or different combinations of wavelet features for LDMC. However, the wavelet feature centered at 2281 nm scale 4 was most accurate for predicting SLA using the stepwise linear regression model (Table 4) in the validation process.
The comparison of predicted values obtained from the best combinations of wavelet features against the HySpex data after converting logarithmic values to normal values are presented in Fig. 9 . As can be observed from the figure, the prediction is more precise for LDMC (RMSE = 4.39%) than for SLA (RMSE = 4.90%), while the inverse is true for correlation (R 2 = 0.59 and R 2 = 0.85 for LDMC and SLA respectively) when a logarithmic value is used. There is a tendency for LDMC to be overestimated, especially for higher values of LDMC. Nevertheless, the predicted values were scattered closely around the 1:1 relationship line, which indicates the sensitivity of the selected wavelet features in capturing the variation in LDMC and SLA concentrations. Furthermore, no saturation problems were observed in the predicted values.
Mapping the LDMC and SLA of the study area
The concentrations of the two leaf traits across the study area (Bavarian Forest National Park) are presented in Fig. 10a and b . Before producing the maps, a forest mask obtained from maximum likelihood classification (MLC) was used to mask out the non-forest areas from the HySpex data, thus eliminating areas occupied by other land covers. The accuracy of the created forest mask by MLC was assessed using the existing land cover maps and the 33 sample plots data (kappa coefficient = 0.95) (see Appendix 2 for details). The masked HySpex image and the selected predictive models developed from six wavelet features for LDMC and one wavelet feature for SLA (Table 4) were applied to map these traits. The inverse relationship of the two leaf traits is clearly visible in the maps. Both LDMC and SLA showed perceptible variability across the study area. The means obtained for all image pixels were 0.4235 for LDMC g/g and 107cm 2 /g for SLA, which are close to the means of the samples measured during the field measurements shown in Table 1 . A comparison with a forest type map of the test site revealed that LDMC values were higher for conifer and mixed stands than for deciduous forests (Fig. 10c) .
4. Discussion and conclusion
Wavelet transformation and inversion
In the last four decades, vegetation biophysical and biochemical variables have been retrieved from remote sensing data using either statistical (empirical) or physical (RTM) approaches. However, previous studies mainly focused on estimating parameters by seeking the direct correlation between remote sensing data and parameter values. The method used for retrieving variables from physical models involved the generation of a large dataset of simulated spectra followed by inversion using approaches like look-up tables or an artificial neural network. To date, the potential for estimating vegetation variables using transformed spectra has not been investigated. Our study has for the first time successfully retrieved the two leaf traits namely, LDMC and SLA from canopy reflectance data obtained from airborne hyperspectral image by means of RTM and wavelet transformation. . Predicted values were computed by applying the models developed from the calibration dataset using six wavelet features combinations in Table 3 for LDMC and a wavelet feature centered at 2281 nm scale 4) for SLA. Data points are derived from the measured (validation) dataset collected from the study site. The solid line shows the 1:1 relationship between the predicted and measured data.
Advantage of wavelet transformation
In this study, the CWA approach was used for the retrieval of the two functional traits from HySpex hyperspectral reflectance data. One advantage of CWA over other approaches is that it has the potential to identify the most sensitive spectral features from a large hyperspectral dataset. The second advantage of using CWA is transformation of the original spectra that resulted in stronger correlation between the variables. Decomposition of the INFORM simulated spectra and measured HySpex spectral reflectance using CWA (R 2 = 0.58-0.93) provided higher correlations with the two leaf traits compared with the non-transformed reflectance values (R 2 = 0.0003-0.65).
Our results demonstrate the validity of CWA for estimating vegetation variables in particular leaf traits such as LDMC and SLA (Fig. 8) . After wavelet transformation, parameters which appeared uncorrelated to simulated canopy reflectance (without transformation), such as LDMC, were observed to be highly correlated ( Fig. 8a and c) . This may be attributed to the effectiveness of CWA in decomposing the traits' absorption features into various scales of narrow and broad band absorption features and identifying those that correlate most with the variation in the traits' concentration. The performance of wavelet analysis compared with narrow-band indices and stepwise selection of narrow-band reflectance for retrieval of pigment concentrations in vegetation at leaf and canopy scales has also been reported by Blackburn (2007b) . By comparison with narrow-band indices, wavelet analysis captures more information contained within the hyperspectral data and creates an opportunity to develop robust and extendible methods for quantifying plant traits over extended areas (Blackburn, 2007a) .
Identifying strongly correlated wavelet features
We determined six wavelet features for LDMC and four for SLA prediction in a mixed mountain forest (Table 4 ). The prediction model based on all six selected wavelet features performed with higher accuracy than any other combination of wavelet features for LDMC retrieval. However, for SLA, one unanticipated finding was that the wavelet feature at 2281 nm scale 4 provided a more accurate prediction of SLA than any other individual features and their combinations. This demonstrates the fact that application of all strongly correlated wavelet features to calibration data sets may lead to overfitting and does not necessarily ensure the most accurate estimation. The band position of the SLA-sensitive wavelet features found in this study agrees well with findings by Cheng et al. (2014b) , who used simulated and measured spectra at leaf level and reported a strong correlation of LMA (inverse of SLA) with the wavelet features at (1639 nm, scale 4) and (2139 nm, scale 4). However, in our study the scale of the wavelet features has shifted to larger values. This may be due to canopy structure properties and other external factors such as sensor configuration and atmospheric effects that would influence the canopy spectral reflectance.
In our study, for both LDMC and SLA many of the sensitive bands occurred in the longer wavelengths of the SWIR region of the electromagnetic spectrum (Tables 3 and 4) : 1500-2500 nm. This reconfirms that SWIR wavelengths are the most sensitive to leaf dry matter variations, which is in accordance with the results from Jacquemoud et al. (1996) , le Maire et al. (2008) and Feret et al. (2011) . By comparison with other spectral regions, the SWIR region efficiently avoids the influence of other parameters such as leaf pigments. The wavelengths found in this study were in agreement with the findings of Thenkabail et al. (2004) , who recommended 22 bands for multi-spectral remote sensing of vegetation. The proposed bands in this study were among bands which are very sensitive to changes (or differences) in biochemical properties such as lignin, starch, and cellulose as well as plant stress (Prasad et al., 2011) .
Accuracy assessment
As expected, the measured HySpex spectra overlapped exactly with the simulated spectra without transformation (Figs. 5 and 8c, d) . However, despite the addition of 0.3% random Gaussian noise to the simulated spectra, systematic shifts to higher or lower values were observed when wavelet transformation was applied to the measured spectra ( Fig. 8a and b) . This in turn led to systematic overestimation and underestimation of the two traits (Fig. 9) . Probable causes for this shift could be atmospheric effects and sensor noise on the measured spectra. These factors may cause variation in local absorption peaks (magnitude of reflectance) on the measured spectra, and lead to higher or lower wavelet power values during the transformation.
Another possible reason could be the simplification of parameters in RTM representation. The model input parameters are based on certain input parameters and the effect of the forest heterogeneity cannot be fully estimated the stochastic processes. Therefore, strong correlations may be found between any of the input parameters and the simulated spectra or their derivatives. This is consistent with the results obtained by Cheng et al. (2014b) , who also found wavelet power better fitted the leaf spectra simulated with the PROSPECT model than the spectra measured from leaf samples in the laboratory. They partly attributed the differences 
Appendix 2
Error matrix of the mask image developed by using maximum likelyhood image classifier to filter out none forest land cover types of the study area. The error matrix includes the overall accuracy, kappa coefficient, confusion matrix, errors of commission, errors of omission, producer accuracy, and user accuracy.
Confusion matrix
Ground truth (pixels) to measurement errors and simplifications intrinsic to PROSPECT. Similarly, Feret et al. (2011) and le Maire et al. (2008) reported stronger correlation between one of the model input variables and simulated spectra than between measured variables and spectra. We found a stronger correlation between the predicted and (measured) validation values for SLA (R 2 = 0.80) than for LDMC (R 2 = 0.58). Similar outcomes have also been reported previously (Ali et al., 2016b) for estimating the two leaf traits from the PRO-SPECT model inversion at leaf scale. These may be attributed to several factors. One possible reason is that LDMC is a compound variable derived from leaf water content (C w ) and leaf dry mass per unit area (C m ). Therefore, its correlation with spectral reflectance is affected by both C w and C m . This may explain why many of the wavelengths did not show strong correlation to LDMC even in the simulated spectra (Fig. 7) . The relatively low R 2 value (as low as 0.58) between simulated spectral wavelet features and LDMC while that of SLA was above 0.70 (Table 3 ) also supports the contention that LDMC is less correlated with reflectance than SLA (Ali et al., 2016b) . By contrast, the RMSE for LDMC was found to be lower than the RMSE for SLA (4.39% versus 4.90%: Fig.7) . The low RMSE of LDMC may be partially associated with ground truth accuracy. LDMC is computed based on fresh and dry weights of samples that can be precisely and accurately obtained in the laboratory, but calculation of SLA requires measurements of leaf area that are prone to operator and instrument errors.
We did not observe significant improvements in the predictions made for deciduous, coniferous, and mixed stands separately (results not shown here). This reveals the unbiased nature of the average value weighted by the crown proportion of each species present in a mixed sample plot. However, calculating the crown volume involves extra field efforts to collect parameters such as crown diameter, crown height, total height, diameter at breast height, and other forest inventory data.
In broad terms, our findings have revealed the potential for estimating forest leaf traits from imaging spectroscopy using radiative transfer model and CWA. Here we examined the predictability of the two leaf traits in the 950-2450 nm spectral region only. The other parts of the electromagnetic spectrum should be investigated and the methods should be refined in order to address the quantification of plant traits across a wide range of spatial scales. other traits could similarly be explored.
